Abstract-Analysis of publicly available language learning corpora can be useful for extracting characteristic features of learners from different proficiency levels. This can then be used to support language learning research and the creation of educational resources. In this paper, we classify the words and parts of speech of transcripts from different speaking proficiency levels found in the NICT-JLE corpus. The characteristic features of learners who have the equivalent spoken proficiency of CEFR levels A1 through to B2 were extracted by analyzing the data with the support vector machine method. In particular, we apply feature selection to find a set of characteristic features that achieve optimal classification performance, which can be used to predict spoken learner proficiency.
I. INTRODUCTION
At present there are many machine readable data that are publicly available, and this has increased the application of machine learning to the task of supporting language learning.
In this paper, we analyze the NICT-JLE corpus 1 to investigate which words describe and discriminate different speaking proficiency levels by applying a method of machine learning called SVM (Support Vector Machine) to the classification task. The corpus consists of 1280 transcribed recordings of the Standard Speaking Test [1] , [2] , [3] (herein referred to as SST) English language learner exam. Each exam contains 3 different tasks and the transcriptions are made up of the dialogue between the examiner and examinee. The proficiency level for each examinee was determined by an expert examiner and ranked on a scale from 1 to 9, from beginner to advanced respectively. In this paper, the focus of the classification analysis will be on the Common European Framework of Reference for Languages: Learning, teaching, assessment (CEFR) (Council of Europe, 2001) [4] which is utilized internationally, rather than the SST proficiency levels that are applicable only within Japan. The equivalent proficiency levels of SST, CEFR, and CEFR-J (a version of the CEFR that has been tailored to the needs of Japanese learning English) as defined by Tono et al. [5] are shown in Table I . It should be noted that SST level 4 can be assigned to either CEFR level A1 and A2. The differences in sample sizes across all of the proficiency levels can be see in Table II . In this paper, the evaluation of the classification method was performed with SST level 4 included in the CEFR level A2. The classification of SST level 4 included in the CEFR level A1 should be investigated in future work. SST level 9 is included only in CEFR level B2.
For each of the 1280 examinee's in the SST data there are 5 stages of the interview that have been transcribed. In this paper, the results for each examinee were represented as one document, and there were 1280 sample documents for which the proficiency level classification problem was analyzed. A total of 9,626 words were analyzed along with 11 parts of speech (POS) from Lancaster University's CLAWS5 and CLAWS7 tag sets 2 . Automated language scoring using a computer was first proposed by Page in 1968 [8] . Since then research into the prediction of foreign language proficiency has focused on a number of different approaches. Supnithi et al. [9] , analyzed the vocabulary, grammatical accuracy and fluency features of the NICT-JLE corpus. SVM and Maximum Entropy classifiers were trained to automatically predict the proficiency level of the learner, with SVM achieving the best prediction accuracy of 65.57%. There has also been research into extracting features that can be useful in classifying proficiency levels in the NICT-JLE corpus [10] , [11] .
Previously we have investigated the same task from the perspective of binary classification. This divided the task into the subtasks of classifying different proficiency levels in the corpus using 1 to 1 class classification. Feature selection was then applied to each of the classifiers to not only improve the performance of the classifier, but also identify a smaller set of characteristic features that accurately describe the classification between a pair of proficiency levels. These features could then be used to assess the proficiency of a document as a binary classification problem, however it can only describe if a feature represent a curtain proficiency level at a local level, and does not provide a global estimation of the difficulty of a feature with respect to proficiency levels. Another method for estimating the difficulty of features with respect to proficiency levels in to train a regression model to predict the proficiency level of a document. However, the proficiency level of a feature is still ambiguous. In this paper, we propose a method for estimating the proficiency level (difficulty) at which a feature exists through the use of staggered Support Vector Regression. The results of our experiment identify both the difficulty and importance of Grammar Item features with respect to the regression of the proficiency level of documents in a corpus of transcribed speaking exams. The transcripts contained in the NICT-JLE corpus are divided into 5 main stages in the exam. Within stages 2 to 4 there are also tasks and follow-up sections of the stage. The followup sections of the exams were excluded from analysis as they contain free dialog between the examiner and examinee. The remaining parts of the corpus were parsed using the method in Tono [7] and Ishii [6] to extract the occurrence of 493 different grammar item features, such as the examples in Table III. A total of 1280 documents were indexed to form a binary feature vector representation for analysis.
B. Staggered SVR
In order to estimate the difficulty of grammar item features with respect to proficiency level, we use a series of SVR models that are trained at staggered intervals across the proficiency level range from SST level 1 (beginner) to SST level 9 (advanced). Each of the documents in the corpus contain the SST proficiency level of examinee, and we will refer to this as the original target value. As the staggered SVR moves across the range of SST levels, this value is altered in relation to the current origin SST level being analyzed. The target class value used to train an SVR model at a curtain current origin SST level is calculated by Equation 1.
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Where d i is the i th document in the corpus, l is the current origin SST level with L representing the set of all SST levels, and d
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is the original target value of the document d i . Therefore, when the original target value of a document is the same as the current origin SST level, the target class value will be zero. Features that are associated with the current origin SST level will have a strong tendency to have a weight around zero. However this will change as the current origin SST level changes, therefore making it easy to identify features that are associated with a particular level as opposed to a feature that doesn't have discriminative use to the particular regression task.
C. Experiment
A SVR model was trained and evaluated using 10-fold cross validation for each SST level. The prediction performance of each level was measured by: mean average error (MAE), root mean squared error (RMSE), and the accuracy of the model as a binary classifier at the current SST level. The evaluation of the SVR models and the total average across all of the models is shown in Table IV . The change in the accuracy of the models over the SST levels can be associated the differences in the number of samples that are available for each level.
III. ESTIMATION OF GRAMMAR ITEM PROFICIENCY LEVEL AND IMPORTANCE
The feature weights of the SVR model for each origin level were extracted. The weight of the same feature over a series of origin levels can imply the difficulty of the feature by finding when the weight changes polarity. Figure 1 shows the top 10 features whose weight changes from positive to negative as the origin level increases. The point at which a features weight intercepts 0 on the vertical axis represents the proficiency level associated with the feature. The gradient of the weight represents the amount of discriminative use, and therefore importance, that the feature has to the particular regression task. It should also be mentioned that there are also feature weights that change from negative to positive as the origin level increases, as seen in Figure 2 which shows the top 10 positive gradient features.
A. Modeling Grammar Item Feature Weights
To find the gradient, which represents the discriminatory importance of the feature, and intercept point at which a feature weight changes polarity, which represents the proficiency level of the feature, we created least squares regression models for each feature. As we are only modeling the relation between the proficiency level and a features weight, this can be represented by a simple least squares regression model [12] The importance of the feature in discriminating proficiency levels is represented by the rate at which the feature weights change, with greater rate of change indicating that the feature has a strong association with a particular proficiency level. The negative of the gradient term b 1 as shown in Equation 6 can be thought of as the importance of a feature, with larger values representing greater discriminatory importance.
B. Results
Plots of the top 10 positive and negative slope regression feature weight models are shown in Figures 1 and 2 respectively. Models that have a strong negative gradient are a close fit to the original feature weights on which it was trained. This can also be seen in the evaluation of fit shown in Table  V with all of the top 10 models having a R 2 of greater than 0.98. In comparison, the top 10 positive gradient regression models have less of a tight fit to the original feature weights as shown in Table VI with all top 10 models having a R 2 of only greater than 0.86. It should be noted that a majority of the positive gradient models are associated with proficiency levels that are outside the normal SST and CEFR-J scales.
Several features listed in Tables V and VI are An overview of all of the feature weight model analysis is shown in Figure 3 , with the level of Grammar Items represented on the x-axis, and the y-asix represents the discriminatory importance of the feature. It should be noted that some features are not shown in the plot because the level of the feature was far from the normal level range. A majority of the features that have a relatively high level of importance are within the upper beginner to intermediate level range. There are also numerous features with relatively low importance in the lower levels.
IV. CONCLUSION
Previous research into estimating features that can discriminate between different proficiency levels have provided positive or negative feature sets with respect to the classification problem. In this paper, we propose a method of estimating the level of a feature in respect to whole proficiency ranges by applying staggered SVR, which provides a tangible level as opposed to previous work. Our method can also identify the discriminatory importance of a feature, which could be used to rank features within a level. In future work, we plan to investigate the methods for improving the performance of SVR by applying feature selection, and also identify an optimal subset of features that represents the whole proficiency level range effectively.
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